v

LIST OF TABLES
Ranges were calculated by subtracting the minimum salinity value from the maximum salinity value for each grid point for the 6 years analyzed (2003) (2004) (2005) (2006) (2007) (2008) found ~9 thousand salinity records that could be adequately matched to MODIS-Aqua data. I show that the spectral shape of water-leaving radiance and sea surface temperature are most correlated with in situ salinity. Four neural network models designed to predict salinity were developed for the Mid-Atlantic coastal region and three of its major estuaries (Hudson, Delaware, and Chesapeake). These models predict salinity with RMS errors between 1.40 psu and 2.29 psu, which are much less than the null model ranges (4.87-10.08 psu) and the natural range of the system (0-32 psu). Seasonal climatologies for the Chesapeake, Delaware, and Mid-Atlantic regions based on these models are fresher than the existing NODC climatologies. I also found significant freshening trends in the Mid-Atlantic over a 6 year period.
INTRODUCTION
Sea surface salinity is the key tracer of freshwater input to coastal oceans and directly contributes to seawater density and circulation patterns. Estuaries are highly productive ecosystems that experience large salinity changes daily and seasonally.
Many organisms within estuaries, such as larval and juvenile fishes, have different tolerances to salinity and are only found within certain ranges (Brooks, 2005; Kinne, 1983) . For example, salinity zones of Chesapeake and Delaware Bays can be inferred from their local fauna (Bulger et al., 1993) . Changes in salinity and temperature patterns also indicate where terrestrial and marine systems mix. This mixing distributes nutrients which impacts the production of the coastal ecosystem (Fisher et al., 1988; Johnson et al., 2003; Malone et al., 1988; Moline et al., 2008; Smith and Demaster, 1996) . In the Mid-Atlantic region, modelers have adopted satellite-based sea surface temperature (SST) data to initialize circulation models that estimate the biogeochemical exchange between terrestrial and marine systems (Fennel et al., 2006; Wilkin et al., 2005) . Providing satellite-based surface salinity information on the same spatial scale as SST could improve model predictions of coastal ocean currents and transport along and across the continental shelf (Wilkin et al., 2005 , Lagerloef et al., 1995 . Measuring sea surface salinity from a satellite in space has been seriously discussed in the past (Swift and Mcintosh, 1983 ) and more recent efforts are up and running such as NASA's Aquarius mission to improve the community's ability to map global ocean salinity (Lagerloef, 2008) . Aquarius uses a microwave radiometer at 1.4
GHz ot measure salinity at an accuracy of 0.2 psu. Despite the great potential of
Aquarius in the open ocean, the resolution of the satellite is on the order of 150 km and is too coarse to capture salinity structures that are typical of coastal and estuarine systems. Therefore, alternatives are needed to bring this critical observation into the coastal zone to advance the understanding of mixing and biogeochemical exchange between terrestrial and marine systems.
Many studies have found that detritus and colored dissolved organic material (CDOM) concentrations are good tracers of salinity (Coble et al., 2004; Del Vecchio and Blough, 2004; Vodacek et al., 1997) . In the coastal ocean, a large portion of CDOM is terrestrial in origin and is therefore associated with fresh water (Opsahl and Benner, 1997) . As high CDOM-low salinity water mixes with low CDOM-high salinity water, one would expect salinity to have an inverse relationship with CDOM concentration. CDOM also primarily absorbs light in the ultraviolet and blue portions of the spectrum making it an important control on the transfer of solar radiation through the water column and detectable by optical sensors (Siegel and Michaels, 1996; Siegel et al., 1995) . Therefore, optical signals (absorption or reflectance) of coastal waters in the blue portions of the visible spectrum could be used as salinity proxies. For example, CDOM has been related to salinity through in situ ultraviolet optical measurements in waters off the west coast of Ireland (Monahan and Pybus, 1978) . Additionally, an inverse relationship between salinity and CDOM exists in the Clyde Sea on the west coast of Scotland (Bowers et al., 2000) . A similar linear relationship between ocean color and CDOM has been used to estimate salinity in the Clyde Sea (Binding and Bowers, 2003) . Like the Mid-Atlantic Bight, the Clyde Sea is a broad shelf sea with large inputs of fresh water, but unlike the Mid-Atlantic, it is semi-enclosed. Due to the distinct optical signal of CDOM, I expect that remotely sensed ocean color at high resolution (1km) could be interpreted in terms of salinity.
Other studies have used simple linear and multiple linear algorithms to relate ocean color data from MODIS-Aqua to salinity (Ahn, 2008; Palacios et al., 2009 ). The relationships in these studies relate inherent optical properties such as absorption coefficients to salinity by assuming conservative mixing. However, CDOM can be created and destroyed in estuarine and coastal waters, so the relationship between CDOM optical properties and salinity is variable in space and time (Chen, 1999; Del Vecchio and Blough, 2004) . I believe that salinity can be estimated from an apparent optical property such as reflectance rather than first deriving an inherant optical property such as CDOM absorption.
The purpose of this study is to estimate salinity from ocean color data at 1 km resolution in the coastal Mid-Atlantic region including the Chesapeake, Delaware, and Hudson Estuaries. To accomplish this, I paired in situ salinity values with MODIS-Aqua satellite data along with other environmental variables such as tides, bathymetry, SST, chlorophyll-a, stream flow, and year day. Neural network fitting routines that account for space and time variation were used to generate a relationship between these environmental variables, ocean color, and salinity. The strength of this approach is that there is no need to assume CDOM is a conservative tracer, which is not always true (Chen and Gardner, 2004) . Also, unlike other approaches that first derive an inherent optical property for salinity prediction (Ahn, 2008; Palacios et al., 2009 ), my approach is to use apparent optical properties to predict salinity. This thesis describes the development and validation of a neural network approach for estimating salinity in the Mid-Atlantic shelf. The resulting regional maps of surface salinity are used to discuss spatial and temporal variability as well as trends in salinity. I present a new perspective on the relationship between salinity and remotely sensed ocean color in the Mid-Atlantic. Seasonal climatologies based on the models were then compared to existing climatologies from the National Oceanographic Data Center (NODC).
While my climatologies are significantly fresher than the NODC climatologies, my in situ training data are also significantly fresher which explains the bias in my models and shows the need for more highly resolved salinity climatologies in coastal regions. 
Satellite Data
Ocean color data from the MODIS-Aqua satellite were downloaded from NASA's Ocean Color website (http://oceancolor.gsfc.nasa.gov/, reprocessing 1.1). acted as proxies for the spectral shape of the normalized water-leaving radiance. These ratios capture the changes in spectral shape in the blue-green portion of the spectrum, which is where the most changes in reflectance are expected from CDOM-heavy freshwater input. Band ratios have been successfully used before in other remote sensing applications (Ahn, 2008; O'Reilly et al., 1998) .
Satellite Matches
I matched in situ salinity data to MODIS-Aqua over flights within a 2 km radius and 12 hour window (6 hours before and after, or within a tidal cycle). This maximized matched satellite data coverage while keeping the satellite data close to the in situ measurement. Satellite data that fell within the 2 km radius were averaged so that there was one unique set of values for each salinity measurement. Due to the high temporal frequency of in situ salinity data (roughly every 10 seconds), multiple in situ salinity measurements that matched the same satellite data were averaged to give one unique salinity measurement per satellite-matched pixel. The Mid-Atlantic was then subdivided into three sub-regions: the Chesapeake, Delaware and Hudson Estuaries. 
Neural Network Construction
A neural network is a non-linear fitting routine that uses logical switches (nodes) rather than smooth equations to relate two or more variables. I used the nnet function (Venables, 2002) 
Spectral Analysis
Matching in situ salinity data to satellite data resulted in 8,957, 1,917, 1,676, and 1,093 matches for the Mid-Atlantic, Chesapeake, Delaware and Hudson regions respectively. This provided adequate data to test and train models while still using relatively strict time and space matching criteria. An analysis of the water-leaving radiance and salinity in the matched dataset revealed that fresh water had lower reflectance of blue wavelengths, most likely related to the absorption of blue wavelengths by CDOM. Figure 3 .1 is the spectral shape of the MODIS-Aqua reflectance spectra (spectra normalized to maximum reflectance) colored by salinity for each of the study regions. A change in spectral shape is more likely to capture the effects of CDOM than total reflectance. Maximum reflectance for low salinity water is near 500-550 nm (green reflectance) while maximum reflectance for high salinity water is 400-450 nm (blue reflectance). This can also be interpreted as the proportionally higher absorption of blue wavelengths in fresher waters. This relationship exists for every region of this dataset, but varies slightly due to potential differences between estuaries. It is not known if this variability is estuary specific or a sampling artifact due to cloud cover and estuary size. For example, the Chesapeake is much larger than the Hudson or Delaware Estuaries; therefore I was more likely to get satellite matches with fresh water in the Chesapeake Estuary.
Variation in spectral shape between sub-regions is probably due to inconsistent data coverage in space and time. For example, the Chesapeake sub-region contained the most freshwater, satellite-matched in situ salinity measurements (Table   3 .1) and therefore has more examples of reflectance spectra that are strongly influenced by blue light absorbing constituents (Figure 3.1B) . In contrast, the Delaware and Hudson sub-regions did not have as many fresh water matches due to poor satellite coverage in the fresh portions of the Delaware and Hudson sub-regions (Figures 3.1C, 3.1D ). Although the optical properties of the in-water constituents most likely differ between estuaries the general trend of fresher water reflecting less blue light is evident in each sub-region.
Neural Network Predictions
Empirical testing of neural network salinity predictions showed that only ocean color data, SST, and position were necessary for salinity predictions. Depth, tides, river flow, and year day did not increase the predictive power of the neural networks based on the negligible changes in RMS error between model trainings and visual inspection of salinity maps as a "reality check." The input variables of the four models with the lowest RMS and most accurate prediction of salinity are in Table 3 This is because the NODC salinity climatology is a quarter degree grid, and has few points inside the Delaware and Chesapeake bays. Maximum differences between matches within the estuaries were as high as 9 psu for winter, 5 psu for spring, 8 psu for summer and 9 psu for fall. In all seasons and regions except the spring in Chesapeake Bay, my satellite-based climatology was fresher than the NODC climatology. This is likely because the in situ data that my models were trained on is also significantly fresher than the NODC climatologies. RMS errors between my climatologies and the NODC climatologies were between 1.89 and 3.91 psu and mean differences were between -3.02 and 0.16 (Table 3. 3).
Using the satellite-based seasonal climatologies, I calculated the range in salinity for each season by taking the maximum value for each grid point and subtracting the minimum value over the 6 years. Figure 3 .6 shows which areas of the continental shelf were similar from season to season and which areas were different.
There are relatively high differences in salinity between winters throughout the MidAtlantic. Between spring seasons there are high differences localized to regions influenced by river plumes. Between summers and falls there are few differences in salinity across the region except for the Chesapeake Bay during the fall indicating that between season differences are smallest in the summer.
In the same manner, seasonal trends in salinity from 2003-2008 were calculated using linear regression models between grid points over all 6 years.
Significant trends in salinity are defined as those grid points that had slopes with p < 0.05 for the 6 years analyzed. Most grid points show no significant trends in salinity, however there were significant trends in each season overall (Figure 3 . 7 Table 3 .2: Input parameters of optamized neural networks. The columns represent latitude, longitude, sea surface temperature (°C), and normalized water-leaving radiance wavelengths and wavelength ratios at specified magnitudes in (nm). The rows indicate which model they are in. SST is also an important salinity predictor in my models. In the summer, estuaries warm faster than the coastal ocean. The comparatively warm waters of the estuaries are a signal for fresh water. In the winter, estuaries cool faster than the coastal ocean, making the comparatively cool water a low salinity signal. Some river plumes also contain thermal signatures of their own, which could relate back to salinity.
Finally, my models show that position is important for predicting salinity. This is likely because of the east-west salinity gradient observed off the Mid-Atlantic coast from coastally trapped river plumes and the western freshwater sources ( Chant et al., 2008) and north-south salinity gradients observed within estuaries, especially the Chesapeake and Delaware (Bulger et al., 1993) . The need for position constrains the application of these models to the Mid-Atlantic region, making these specific models non-applicable to other areas. However, the inclusion of position as strong predictors of salinity suggest that location specific processes in the Mid-Atlantic are important for relating remotely sensed variables with salinity. These processes may include local mixing, local creation and destruction of CDOM and proximity to specific types of land cover such as salt marshes or agriculture.
Overall, my models perform well with RMS errors much less than the null models and the natural range of the system they were predicting. However, the Model II slopes in Figure 3 .2 indicate these models are slightly over-predicting salinity in comparison to in situ salinity data. I also withheld a year of data in the training of the models to see how well the models perform predicting a year's worth of unseen data.
Overall, the models did not perform as well. This indicates that the satellite-matched in situ salinity data does not yet capture the full variability of salinity in this region.
More satellite-matched in situ salinity is needed to improve these model predictions.
Comparing the Chesapeake Bay model with stream flow from the Potomac River revealed that there is a consistent pattern between salinity and stream flow in the bay, but it cannot be used as a predictive pattern. This may be why stream flow was Besides not having many freshwater points to compare, the NODC climatologies also have fewer points overall and do not estimate salinity over the same range as my models. This analysis shows there is a need for better nearshore climatologies of salinity at higher resolution.
Historically, the interannual variability in salinity in the Mid-Atlantic Bight near the Gulf of Maine has been largely associated with variability in river runoff and local precipitation (Manning, 1991) (Mountain and Manning, 1994) . In the coastal ocean, upwelling and downwelling winds either trap these plumes nearshore, or disperse the low salinity water over the continental shelf, adding to the interannual variability of salinity in the Mid-Atlantic Bight (Castelao et al., 2010; Ryan et al., 1999; Yankovsky and Garvine, 1998) . Salinity ranges calculated from my seasonal climatologies over the 6 years also suggest that coastally trapped plumes contribute to interannual salinity variability in the coastal ocean (Figure 3 .6). Variability in coastal salinity impacts the development of seasonal stratification and mixing, which influences phytoplankton productivity in the coastal zone.
Significant trends in salinity existed in all four seasons for the 6 years analyzed (Figure 3.7) . The largest areas of salinity change off the coast of Long Island and New Jersey show decreasing salinity for every season except the fall. A previous study in the Mid-Atlantic Bight found that salinity in the 1990s was 0.25 psu fresher than in the 1980s (Mountain, 2003) . Other studies on trends in salinity show weak, but My analyses also shows large regions of freshening in the Mid-Atlantic Bight in the winter, spring, and summer, although the mechanism for this freshening is unknown.
Compared with the NODC salinity climatologies, both my in situ salinity data and my climatologies are fresher, indicating that robust nearshore salinity climatologies are needed. Future directions for this research include real-time salinity output for the Mid-Atlantic coastal ocean and incorporation and comparisons with other modeling efforts. It is likely that improvements in the temporal and spatial coverage of synoptic ocean color measurements and greater in situ salinity sampling efforts would enhance this approach. The greatest need for in situ salinity data is during the winter and in the shallow tributaries of the estuaries. These efforts would be a good opportunity to utilize AUVs. These sampling efforts must also coincide with cloud-free days to maximize matches with satellite data. The use of a geostationary ocean color satellite in theis region would improve our ability to match in situ salinity data to satellite data.
I would suggest the re-training of this type of model be done every 3-5 years as new data for matching becomes available. I view this study as a support to the overall NASA Aquarius salinity mission by providing satellite-based nearshore salinity climatologies that are rooted in in situ observations. My seasonal salinity climatologies are available for download here:
http://modata.ceoe.udel.edu/dev/egeiger/salinity_climatologies/ 
